Abstract
Introduction
Remote sensing is being used to assist in populating a database of marine activities for Canadian waters requiring the locations and classifications of small recreational boats. Data on recreational boating are more challenging to acquire than other types of data for marine activities, such as com-
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Automatic Small Recreational Vessel Detection Kevin Pegler, David Coleman, Ronald Pelot, and C. Peter Keller mercial fishing or ferry traffic. For example, ferry traffic maintains a schedule and follows well-defined routes. However, since recreational boating is sporadic in nature, it is much more difficult to get accurate information regarding their location than for other marine vessels.
Researchers at the Department of Industrial Engineering, Dalhousie University have developed the Maritime Activity and Risk Investigation System (MARIS) for the Canadian Coast Guard (CCG) (Pelot et al., unpublished report 2000) . MARIS consists of a database containing information on all marine activities. This database supports a risk model that is used to predict areas where future marine search and rescue (SAR) incidents will occur. The final component of MARIS is a GIS to map and analyze the output of the risk model.
The team at Dalhousie expressed the difficulty in getting data on recreational boating activities (Pelot et al., unpublished report, 2000) . As recreational boaters account for 76 percent of SAR incidents in Canadian waters, good data on recreational boating activities are important to get an accurate prediction from the risk model. In addressing the problem of gathering data on recreational boating, Pelot et al. (2000) used human spotters in aircraft to gather reconnaissance data on recreational boating activities in the Bay of Fundy. In discussing the logistical hurdles in mounting such an operation, the question arose as to whether the new generation of high-resolution remote sensing satellites along with automatic target detection software tailored for small recreational boats could be used instead of spotter aircraft. This was the genesis of this work.
Objective
The objective of the research described in this paper is to investigate the ability of an enhanced spatio-spectral template to detect small recreational boats in Ikonos imagery. This work will be used in the development of automatic target detection software for the Canadian Coast Guard. A major design consideration is that the operators of this software will not necessarily be technically competent in remote sensing.
Background
This paper is the third in a series investigating the use of enhanced spatio-spectral template to detect small boats. The first paper investigated the potential for using high-resolution satellite imagery (like Ikonos) for marine search and rescue reconnaissance (Pegler et al., 2003) . The second paper (Pegler et al., 2005) compares maximum distance metrics used within spatio-spectral template for use in the remote sensing of small targets.
The first paper reviewed the application of remote sensing technology to marine search and rescue. The literature review revealed intriguing work by Subramanian and Gat (1998) on the use of sub-pixel object detection in conjunction with hyperspectral imaging for search and rescue operations. The sub-pixel detection method utilized local image statistics based on "spatio-spectral" considerations and was based on the work of Iverson (1997) .
The method described by Subramanian and Gat purportedly abandons the need for a priori spectral reference libraries and atmospheric correction by utilizing local image statistics to detect outliers or pixel anomalies in the image relative to the neighboring pixels. Given the end users of this work are non-remote sensing specialists working for the Canadian Coast Guard, relief from relatively complex processing steps like atmospheric correction was considered important.
These works (Iverson, 1997; Subramanian and Gat, 1998 ) describe a two-stage target detection process involving: (a) examination of local statistics and "outlier" selection; and (b) target selection. The first step requires the use of distance metrics, specifically the maximum Euclidean or Manhattan distance from the mean, to discern those pixels which are distinct from others in a moving kernel. Those pixels that are distinct are labeled as "outliers." The algorithm counts the frequency for which an individual pixel is selected as an "outlier." The second step (target selection) labels those pixels that have the highest frequency as "outliers" as "targets." Subramanian and Gat (1998) suggest that, although their spatio-spectral template was designed for use with hyperspectral imagery, it perhaps could be adapted for use with the "soon-to-arrive" (their paper was published just prior to the launch of Ikonos) commercially available high-resolution spaceborne multispectral imagery. This assertion led to the automation and implementation of the spatio-spectral template and to some preliminary investigations into the utility of this process for detecting vessels. The early results (Pegler et al., 2003) were satisfactory enough to suggest that, with more work, very high spatial resolution satellite imagery, like Ikonos, can be effective in accurately detecting small recreational vessels.
The research continued in the second paper that concentrated on adapting and enhancing the spatio-spectral template for use with high-resolution multispectral imagery. In particular, it focused on comparing different distance metrics. Subramanian and Gat (1998) used Minkowski distance metrics for their work. In reviewing the literature on clustering algorithms, Hartigan (1975) described the Mahalanobis distance metric by:
(1) where x ϭ individual pixel vector; m x ϭ mean vector of all pixel vectors within a nxn kernel; and C x ϭ the covariance metric of the nxn kernel. The Mahalanobis distance metric is essentially the Euclidean distance metric weighted by the inverted covariance matrix C x .
Upon implementing the Mahalanobis distance metric, it was realized that, although the idea of using the variance covariance matrix to weight the Euclidean distance was perhaps sound, inverting it was having the opposite of the desired effect. The Mahalanobis metric was designed to find
clusters in data. Clusters by nature have small covariance values. However, in this application we are looking for "outliers" that have large covariance values. As a result, the weighting was altered to favor the "outliers" and not clusters. As a result the Mahalanobis metric was altered by not inverting the covariance matrix or:
Equation 2 is distinguished hereon by referring to it as the weighted Euclidean distance (WED) metric. The reason for using such a metric is to exploit the covariance information to improve the detection of "outliers" when adapting Subramian and Gat's spatio-spectral template for use with multispectral imagery.
The second paper concluded that the new WED distance was superior to the Manhattan and Euclidean distance metrics for use in small recreational vessel target detection. The WED metric was less sensitive to the thresholds required in the Manhattan and Euclidean distance metrics (Pegler et al., 2005) . Further, it was much more robust in not producing false positives in the shallow waters near shore. Based on the findings of the first two papers, it was decided to continue with the research by generating a new Ikonos data set with associated ground truth to fully assess the detection accuracy of the enhanced spatio-spectral template.
Study Site
The study site for this research is Cadboro Bay, near Victoria, British Columbia, Canada (Figure 1 ). Cadboro Bay was chosen for its favorable weather, year-round recreational boating activity, proximity to the infrastructure provided by the Royal Victoria Yacht Club (RVYC), and support from one of our research partners in the large, local sailing community.
Data and Preprocessing
An agreement was reached with Space Imaging, LLC to purchase a 100 square km Ikonos imagery bundle for the area of interest (AOI) illustrated by the outer polygon shown in Figure 1 . Further, it was agreed that, for a special tasking fee, the imagery would only be purchased if the AOI corresponding
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J a n u a r y 2 0 0 7 to the inner polygon shown in Figure 1 was cloud-free. Additionally, the dates and times of the data acquisition would be provided to allow for the deployment of the targets in Cadboro Bay. Figure 2 illustrates the resulting imagery collected on 18 May 2003. Some clouds infiltrated the lower left portion of the Bay. However, since none of the recreational boat targets were obscured, the imagery was accepted. The RVYC can be seen in the upper left hand side of the Bay. One of the support vessels and its wake can be seen rounding the breakwater to enter the channel to the club's shore facilities. Just northwest of the club, larger sailing yachts can be seen resting on permanent moorings.
Researchers for this project were approached by members of the RVYC with a proposal to perform the gathering of the ground truth data for all the target vessels. The profits from the work went to the RVYC Junior sailing program.
The RVYC volunteers gathered position and cataloged attribute data for all the targets. Of the 53 targets, 28 were specifically selected for their small size and moored out into the Bay. These 28 targets, in addition to some one-meter diameter steel mooring balls, comprised the Category A targets, i.e., all being less than 6 m in length. It was not necessary to set out the remaining 25 Category B targets (greater than 6 m in length) as they were already resting on permanent moorings (the only exception being a large trawler and its tender resting at anchor in the Bay).
Preprocessing of the data consisted of masking out all the land using an automated process through a script developed in PCI Author software (Munroe, unpublished UNB undergraduate Technical Report, 2003) . Imagery processed after the initial blind test was linearly stretched to enhance the contrast of the targets with respect to the background.
Methodology
Figure 3 presents a flowchart describing the implementation of the spatio-spectral template. After the preprocessing, the first step was to calculate the average of the user-defined kernel for all input channels. Previous testing revealed that a 3 ϫ 3 or 5 ϫ 5 to be the most suitable size (Pegler, 2004) . Also at this point, the means were calculated for the entire panchromatic and NIR channels. These values were then weighted to generate the thresholds for these channels that were utilized when deciding whether to record a WED distance.
Once the means were calculated, the kernel is passed over the data cube and the covariance was generated for each pixel in the kernel as shown in Figure 3 . Then, utilizing the mean vectors, the WED for each pixel was calculated. To drastically reduce the number of potential false positives, the values of the panchromatic and NIR channels were compared with the thresholds developed in earlier testing (Pegler, 2004) . If the values exceed the thresholds, then the WED distance was recorded.
Once all the WED were recorded in a new channel, a kernel was passed over this channel, and the pixel with the maximum distance was identified. The pixel possessing the maximum distance was identified as an "outlier" because it was very distinct from the others in a particular kernel location and can be described as: (3) if where
, and x nir Ͼ T NIR , and x pan Ͼ T pan , and where; T NIR is the empirically derived threshold for the near-infrared channel, and T pan is the empirically derived threshold for the panchromatic channel. Each time a pixel was identified as being an "outlier," its "outlier" frequency value was incremented by one. An n ϫ n sized user-defined kernel meant that every pixel participated in n 2 kernel calculations. Therefore, the maximum
J a n u a r y 2 0 0 7 81 times a pixel could be selected as an "outlier" was also n 2 . For example, if a 3 ϫ 3 kernel was used, the maximum possible "outlier" frequency was 9. A particular pixel's status was changed from "outlier" to "target" if its "outlier" frequency was at or near the maximum frequency. This frequency threshold can be adjusted; however experience has shown that it should be kept very near the maximum value to reduce the number of false positives.
Having identified the target pixels, they could then be characterized. The characterization algorithm performed a pixel-by-pixel search through the channel containing the target labels. Once a target was encountered, an eightway search was performed solely on the higher resolution panchromatic channel. Labeling of the target was continued out from a target pixel in each of the eight directions until the edge of the boat was encountered. The edge of the boat was reached when the value of the panchromatic channel fell below a threshold conservatively set at 4 2 of the panchromatic channel.
Once the edge of the boat was found for each of the eight cardinal directions, the longest and shortest dimensions were recorded, and the length was calculated and recorded. Also, the direction of the longest axis of the target yields the orientation of the target vessel plus or minus 180°. Point targets were assigned an "n/a" value for orientation, as they are too small to determine their orientation.
The process continued until all the target vessels were characterized. The output of the characterization was sent to a text file. Table 1 is a portion of the text output for this research. Each target was assigned a target number beginning at 100 to avoid confusion with the frequency values. Figure 4 shows the results of a blind test implemented to ascertain the detection ability of the enhanced spatiospectral template. Once the image was collected, it was processed and the results were submitted to our research partners in Victoria who retained the ground truth data and then assessed the results. They reported that of the 53 targets, 42 were positively detected, and 11 were not detected. The number of false alarms was 23. A large portion of the false alarms was due to the wake of the vessel clearly visible in Figure 2 . Figure 4 also shows the locations, depicted with an open circle, of specific targets of interest that were subjected to detailed investigations. These targets were selected by the principal author as being representative of both point and area targets. In addition, the targets marked for further investigation were selected from all over the Bay. Targets Alpha, Bravo, and Charlie were false positives in the blind test. In the blind test, targets Delta, Echo, Golf, and Foxtrot, were false negatives. Targets India and Hotel were representative of background pixels.
Results of the Blind Test
The results from the blind test suggest that improvements were necessary to the enhanced spatio-spectral template in order to increase the number of positive detections while reducing the false alarm rate.
Enhancements
Due to the cost and effort associated with creating a dataset such as the one shown in Figure 2 , another dataset could not be generated to perform a second blind test incorporating the knowledge learned from the testing described above. Such are the limitations surrounding the use of a real data set instead of synthetic datasets. It is envisioned that as the enhanced spatio-spectral template is tested on other datasets the input parameters will stabilize and further alterations will not be necessary.
Only minor enhancements were made to the enhanced spatio-spectral template following the blind test. Primarily, the size of the sampling window used in generating the covariance matrix was reduced so that only the immediately surrounding pixels were contributing to the variance and covariance values. The final results were achieved using a 5 ϫ 5 window for calculation of the covariance matrix.
The empirically derived NIR and panchromatic thresholds were increased from 1.4 to 1.65 and from 2.6 to 2.7, respectively. This was done to reduce the number of false positives due to wake. Finally, the processing kernel size was altered to a 5 ϫ 5 kernel from a 3 ϫ 3 used in the blind test in an attempt to reduce the number of false positives.
Final Results and Analysis
After making the enhancements described above, the image was reprocessed. 
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J a n u a r y 2 0 0 7 However, this was achieved at the expense of not being able to detect a target previously detected in the blind test. Correspondingly, the number of false negatives was increased by 1 from the blind test. Comparing results between the blind test and the final test underscored an important tradeoff of increasing the ability of the template to achieve positive detections and also increasing the number of recorded false alarms. The easier a pixel is labeled a "target," the more likely it will include false positives within those targets. While the ratio of positive detections to false negatives stayed nearly the same, there was a reduction in the number of false alarms found in the blind test. Table 3 is an accuracy assessment of the blind and final tests broken down by target category.
PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING
From Table 3 , it can be seen that the larger Category B targets are well handled by the enhanced spatio-spectral template. It detected 22 of the 22 Category B targets. Not surprisingly, there are no false positives in this category. With the exception of the false positives due to the wake of the boat transiting through the AOI, false positives are always very small (on the order of one or two pixels in size). The enhanced spatio-spectral template currently allows these "outliers" to slip through in order to detect as many Category A targets as possible; again this at the expense of an increased false alarm rate. However, it is clear that the enhanced spatio-spectral template is now quite robust in detecting the larger yachts, improving on the 18/22 Category B detection rate in the blind test to a 22/22 Category B detection rate in the final test.
The enhanced spatio-spectral template's performance is poorer on the Category A targets (i.e., those less than 6 m in length) than it is on the larger Category B targets. Figure 5 shows that, for the final test, all of the undetected targets are less than 6 m in length. However, it also shows that nearly an equal number of Category A targets were successfully detected. The smallest detected target was a white, fiberglass, dinghy 2.2 m long and 1.14 m wide.
Detection performance with respect to the area of the target is illustrated in Figure 6 . By area, the smallest detected target has an area of 2.5 m 2 . Also shown is that a very small target is less likely to be detected if it has a dark color. Examples of the targets not successfully detected are:
• Not all the small, undetected targets were dark in color. Two pairs of yellow plastic yacht racing marks 1.6 m ϫ 0.8 m in size were not successfully detected. As with the dark green mooring balls, it is our belief that the very small size rather than color of these targets is what prohibits their detection. Figure 7 shows a side-by-side comparison of the linearly stretched, uncorrected grey values from the dark colored Byte™ dinghy shown in Figure 7a and the similar-sized Flying Junior (FJ) dinghy in Figure 7b . Tables 4 and 5 show the pixel vectors and covariance matrices for each of the targets. The darker Byte™ target has lower values across the pixel vector for the five bands than the white FJ dinghy.
The covariance values for a 5 ϫ 5 window surrounding the center of the target shows that for the white FJ dinghy the variances are much higher (except for the NIR channel) than those recorded in the covariance matrix for the Byte™ dinghy. This provides a higher weighting for the WED distance for the FJ than the Byte™. Thus, the WED distance for the FJ is 3796 versus 2287.7 for the Byte™. So, for this example, when the targets are not extremely small (as in the mooring balls), color does play an important role in the ability to detect smaller targets.
When the color is dark, the spike in the panchromatic channel is not large enough to compensate for the smaller
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Comparing the graphs for the background pixels and the false positives begs the question: what is causing a background pixel, like Alpha, to have high enough NIR and panchromatic values to allow it to pass through the thresholds? Moreover, what causes the false positive to have a high enough frequency to be selected as an "outlier"? And finally, what is causing it to have a high enough threshold ratio to be labeled as a target?
It was anticipated that sun glint and breaking waves might cause some localized "outliers" driven by an increased value from the panchromatic channel. Without actually capturing ground truth data on a breaking wave crest or measuring an instantaneous high intensity reflection of the sun from a wave (sun glint) this is purely speculation as to the cause. As a result, the NIR threshold was introduced and then later the panchromatic threshold. However, in rare cases like target Alpha and portions of the wake, both the stretched, uncorrected grey value curves represent a crosssection through each of the targets and, to get an idea of the surroundings, through some of the background. In both cases there is a sharp increase in the panchromatic band. However, the false positive is distinct from the background sample, India, since it also experienced higher values in the blue, green, red, and NIR bands. The ground truth recorded no target in the vicinity of Alpha. Figure 12 is a cross-section of the support boat and part of its wake, labeled as target Charlie. This cross-section allows for direct comparison of a valid target and the false positives generated by a wake. Figure 12b is the panchromatic image of the moving boat showing the location of the cross-section. Figure 12a shows the five uncorrected grey value curves for the cross-section; the dashed lines drawn across the curves indicate the panchromatic and NIR thresholds. From left to right in Figure 5a , the curves begin with low uncorrected grey values characteristic of the background water in front of the moving boat. Then, the curves sharply increase corresponding to the higher values from the target vessel. The uncorrected grey values then diminish to a jagged, saw-toothed pattern over the wake. The peaks of the saw teeth are sufficiently high to be over the thresholds and thus get falsely identified as a target.
Although the false positives due to the wake indicate a different scenario than the point target false positives like Alpha, it seems that an unknown physical property is causing the uncorrected grey value from the multispectral bands to increase. In the case of the wake, clearly the turbulence of the propeller is the catalyst of this phenomenon.
The catalyst for the point target false positives is not as readily apparent as that for a wake. It could be a random sensor error, or something on the water with no ground truth such as a crab pots (we did observe active fishing activities taking place during the setting out of targets). The likelihood that the single pixel point targets are due to waves is believed to be low as the sea state was recorded as calm during collection of the ground truth. In any case, it would be simple enough to remove them all by just ignoring all single pixel targets. Unfortunately, for the resolution of Ikonos, we would be eliminating any possibility of detecting the very small targets of interest.
In addition to detecting marine recreational vessels, the Coast Guard also requires that they be characterized. Figures 13  and 14 compare the generated lengths and widths with those measured during the ground truth. The generated lengths and
J a n u a r y 2 0 0 7 85 panchromatic value and the NIR values are high enough to pass the thresholds and generate a large enough WED distance that they are falsely labeled as targets. Figure 11 compares the measured linearly stretched, uncorrected grey value curves for the Alpha (a false positive; Figure 11a ) and India (background; Figure 11b ). The linearly widths are often shorter than those measured during the ground truth. The average deviation for the length and width is 1.59 and 0.76 m, respectively. Clearly, the threshold set within the characterization function for finding the edge of the boat is slightly too conservative. However, since the resolution is 1 m in the panchromatic channel, this means that the targets are being represented generally within a few pixels of their correct length and width.
Conclusions
As was previously stated, the main objective this research is to investigate the ability of an enhanced spatio-spectral template to detect small recreational boats in Ikonos imagery. This work will be used in the development of automatic target detection software for the Canadian Coast Guard for which a major design consideration is that the operator's of which will not necessarily be technically competent in remote sensing. A total of 53 targets were set out in Cadboro Bay, near Victoria, British Columbia and imaged by Ikonos. The imagery was processed using spatio-spectral template that is enhanced with a weighted Euclidean distance metric to detect small recreational vessels. A blind test generated a 79 percent detection rate with 11 false negatives and 23 false positives.
A final test was performed after making some minor enhancements to the MRV Recon software. In that test, the detection rate was found to be 77 percent with 12 false negatives, but only 19 false positives.
An investigation into the false positives has revealed that a large number of the false positives were caused by the wake of a boat. In addition, investigations of the linearly stretched, uncorrected grey level curves for selected false positives suggest that an unknown process is creating higher multispectral values. There appears to a correlation between the boat's wake and the unknown process. Further investigation of this process is necessary to lower the number of false positives generated by MRV Recon.
In the final testing, 61 percent of targets shorter than 6-meters and 100 percent of the targets greater than 6 m in length were detected. The smallest target detected was 2.2 m long and 1.1 m wide.
The analysis also revealed that the ability to detect targets between 2.2 m and 6 m long was diminished if the target was a dark color. With a few exceptions MRV Recon was able to determine the length and width of the target vessels within a few pixels of their correct size.
This research demonstrates that very high-resolution satellite imagery can be used to detect small recreational boats by processing Ikonos data with MRV Recon. It is anticipated that using higher resolution data such as that from QuickBird would produce superior results.
